Purpose To develop a prognostic model to predict 30-day mortality following colorectal cancer (CRC) surgery using the Surveillance, Epidemiology, and End Results (SEER)-Medicare-linked data and to assess whether race/ethnicity, neighborhood, and hospital characteristics influence model performance. Methods We included patients aged 66 years and older from the linked 2000-2005 SEER-Medicare database. Outcome included 30-day mortality, both in-hospital and following discharge. Potential prognostic factors included tumor, treatment, sociodemographic, hospital, and neighborhood characteristics (census-tract-poverty rate). We performed a multilevel logistic regression analysis to account for nesting of CRC patients within hospitals. Model performance was assessed using the area under the receiver operating characteristic curve (AUC) for discrimination and the Hosmer-Lemeshow goodness-of-fit test for calibration. Results In a model that included all prognostic factors, important predictors of 30-day mortality included age at diagnosis, cancer stage, and mode of presentation. Race/ ethnicity, census-tract-poverty rate, and hospital characteristics were independently associated with 30-day mortality, but they did not influence model performance. Our SEER-Medicare model achieved moderate discrimination (AUC = 0.76), despite suboptimal calibration. Conclusions We developed a prognostic model that included tumor, treatment, sociodemographic, hospital, and neighborhood predictors. Race/ethnicity, neighborhood, and hospital characteristics did not improve model performance compared with previously developed models.
Introduction
Colorectal cancer (CRC) is the second most common malignancy in the USA, and the majority of patients will receive surgical treatment [1] . Providing high-quality care to CRC patients is important, but extensive variability in mortality rates exists among hospitals [2, 3] . Public reporting of 30-day mortality measures may assist hospitals in their quality improvement efforts and increase transparency of hospital care. For such audit purposes, prognostic models can be used to compare hospitals, in which 30-day mortality has been commonly used to capture quality of care [4, 5] . Accurate comparison of the quality of care for CRC patients among hospitals requires an accurate model for risk stratification, including proper adjustments for differences in case mix [6] .
Several models have been developed to predict postoperative mortality in CRC patients, including the Physiological and Operative Severity Score for the enUmeration of Mortality and morbidity (POSSUM) model [7] and its Portsmouth (P-POSSUM) [8] and colorectal (CR-POS-SUM) [9] modifications, the Association of Coloproctology of Great Britain and Ireland (ACPGBI) model [10] , and the Cleveland Clinic Foundation Colorectal Cancer Model (CCF-CCM) [11] . Several studies have shown that the POSSUM models either under-or overestimated true mortality risk following CRC surgery [12] [13] [14] [15] . Another limitation of the POSSUM models is the frequent lack of available data about the physiological predictors; incomplete data may result in inaccurate mortality predictions [13] . The ACPGBI model was developed in response to the limitations posed by the POSSUM models and includes only a limited number of variables [i.e., age, American Society of Anesthesiologists (ASA) grade, Dukes cancer stage, and operative urgency]. The ACPGBI model achieved the same performance as the CR-POSSUM model without including any physiological predictors [16] . The CCF-CCM model assesses operative mortality in CRC patients, but used data gathered over three decades, which may underestimate improvements in operative management and surgical procedures over time [17] . Moreover, all these aforementioned models omit important sociodemographic risk factors (i.e., race/ethnicity) associated with adverse outcomes after CRC surgery. These sociodemographic factors are important considerations in translating the models to different CRC patient populations, especially in the USA, where healthcare is not universally available and varies substantially by race/ethnicity and geography.
Recent evidence suggests that both race/ethnicity and neighborhood characteristics are associated with adverse short-term outcomes following CRC surgery. Compared with white Medicare patients, black Medicare patients had increased in-hospital mortality risk [18] . Postoperative 30-day mortality risk also was reported to be influenced by social and economic factors that characterize geographic areas [19, 20] , and hospital characteristics, such as hospital volume and caseload [2, 3] To our knowledge, no prognostic models of postoperative 30-day mortality risk in CRC patients have been developed by taking a more holistic and multilevel approach to include neighborhoodlevel social and economic, and hospital-level characteristics beyond tumor and treatment characteristics that are part of existing models. Accordingly, the aim of this study was to develop a prognostic model to predict 30-day mortality following CRC surgery using the Surveillance, Epidemiology, and End Results (SEER) data linked with Medicare data, and to assess whether individual-level sociodemographic, neighborhood-level, and hospital-level characteristics improve the discrimination and calibration of a prognostic model for CRC patients in the USA. In addition, we compared our SEER-Medicare model to a model including similar prognostic factors as the revised ACPGBI model [21] , and assessed the influence of the abovementioned characteristics in a model with few (patient-and tumor-related) predictors. With the increasing availability of claims data, there are more opportunities to include these data in developing prognostic models for use in routine medical care [22] . [23] . Ninety-four percent of cancer patients reported to SEER aged 65 years or older have been successfully linked with Centers for Medicare and Medicaid (CMS) data [23] . In this study, data from 12 tumor registries were included, covering approximately 14 % of the US population.
Methods

Study population
We selected patients aged 66 years of age or older with a first primary in situ or invasive colon or rectal cancer diagnosis between 2000 and 2005, with both Medicare parts A and B coverage, and who underwent surgical treatment for CRC. We excluded patients who were identified at autopsy or from death certificate only, patients for whom the month of diagnosis was not available, and patients who were members of a Health Maintenance Organization because claims data are not available. We excluded patients who were only eligible for Medicare because they were disabled or had end-stage renal disease (i.e., patients younger than 65 years of age). The age restriction of 66 years of age or older allowed for 1 year of complete claims data prior to diagnosis to determine comorbidity before CRC diagnosis. The final sample size included 44,941 patients.
We searched inpatient, outpatient, and carrier claims for surgical treatments, using previously identified Healthcare Common Procedure Coding System (HCPCS) and/or International Classification of Diseases, ninth revision (ICD-9) codes [24] . In the event of multiple surgical interventions in one patient record, the most extensive surgery performed and associated date were used.
Prognostic factors
Potential prognostic factors for the development of the first model were chosen based on previous prognostic models and expert opinion [16, 18, [25] [26] [27] [28] . Tumor characteristics included American Joint Commission on Cancer (AJCC) stage, tumor grade, tumor location, and histology. Tumor location was classified as proximal colon (cecum, ascending); transverse colon (hepatic flexure, transverse colon, splenic flexure); distal colon (descending and sigmoid colon); or rectosigmoid junction or rectum. Histology was defined as mucinous adenocarcinoma (e.g., mucinous adenocarcinoma, mucin-producing adenocarcinoma), other adenocarcinoma (e.g., adenocarcinoma, not elsewhere specified or in situ; adenocarcinoma in tubulo-villous adenoma), and nonadenocarcinoma (e.g., signet cell carcinoma). Information regarding tumor biology, including microsatellite instability (MSI) status, was not available. Treatment characteristics included mode of presentation (emergency or elective surgery) and type of surgery (total, subtotal, or partial colectomy). Surgical interventions within 24 h after emergency admission were defined as emergency surgery; all other surgical treatments were classified as elective. Patient sociodemographic characteristics included sex, age, race/ethnicity, and comorbidity. We searched the inpatient and carrier claims for multiple comorbid chronic diseases occurring 1-12 months prior to diagnosis and computed a comorbidity score using the Klabunde adaption of the Charlson comorbidity index score [29] . We further categorized comorbidity as a score of zero, one, or two or more. Neighborhood socioeconomic condition was measured by the census-tract-poverty rate, defined by the percentage of the population living in poverty at the census-tract level of the patient's residence at the time of diagnosis and was derived from the 2000 US Census. Characteristics of the hospital where the colorectal surgery was performed included hospital volume (number of hospital beds) and surgeon volume (case load per surgeon during the study period). Data regarding hospital characteristics were obtained from the Healthcare Cost Report and the Provider of Service files from CMS.
Statistical analyses
Univariable analyses were performed to assess the association between 30-day mortality following CRC surgery and each prognostic factor. The outcome included in-hospital and postdischarge 30-day mortality regardless of cause. Vital status at 30 days after definitive CRC surgery was based on Medicare data, because SEER data only include the month and year of death. In all analyses, we used multilevel logistic regression to account for nesting of CRC patients within hospitals, using a two-level model with a random intercept. We developed a model by adding several blocks of prognostic factors to a base model. The base model included only tumor-related predictors since those are typically used by clinicians, and we subsequently added treatment, sociodemographic, hospital, and neighborhood characteristics to examine the improvement in model performance. The final model included (blocks of) predictors based on model improvement as assessed by log-likelihood-ratio tests. Additionally, we fitted a model using predictors derived from the revised ACPGBI model. This model included age, comorbidity score, AJCC stage, mode of presentation, and type of surgery. We added race/ethnicity, hospital, and neighborhood characteristics to this ACPGBI-derived model to determine their influence on model performance. Adjusted odds ratios (ORs) were calculated with 95 % confidence intervals (CIs). We decided not to include any interactions among covariates based on the purpose of our study, the potential difficulty in implementing the model in clinical care that included interactions, and the sparse data in some of the cells, the latter reflecting the structure whereby patients are clustered within hospitals. Statistical analyses were performed using Stata (version 12.0, Stata Corp, College Station, Texas, USA).
Model performance
The performance of the models was evaluated in terms of calibration and discrimination [30] . Calibration refers to the agreement between observed outcomes and expected probabilities [31] and is highly relevant when trying to predict the expected mortality for a group of patients [32] .
Calibration of the models was tested using the HosmerLemeshow v 2 goodness-of-fit test [33] . We ranked patients into 10 equal groups of ascending mortality risk based on the predicted probability of 30-day mortality in the models and statistically tested observed and expected number of deaths in each tenth. Discrimination refers to the ability of a model to distinguish between patients with and without the outcome [31] , and was assessed by the area under the receiver operating characteristic curve (AUC) [34] . Models with an AUC between 0.7 and 0.8 are considered to provide moderate discrimination, whereas models with an AUC exceeding 0.8 are considered to provide good-toexcellent discrimination [32] .
We examined the influence of the blocks of predictors on model performance, specifically assessing the (incremental) effect of sociodemographic, hospital characteristics, and census-tract-poverty rate, and compared the performance of our SEER-Medicare model to the AC-PGBI-derived model. Additionally, sensitivity analyses were performed to assess stability of our SEER-Medicare model across several subgroups. Prognostic model performance measures were calculated separately for colon and rectal cancer patients and for elective and emergency procedures as part of sensitivity analyses.
Results
In our SEER-Medicare cohort, patients were on average 78 years of age, the majority of patients were female, and over 85 % of patients were white (Table 1) . Over half of patients had at least one comorbid condition, with 27 % having a comorbidity score of two or more. Sixteen percent of patients resided in census tracts with a poverty rate over 20 %. Most patients had colon cancer, with only about 18 % rectal cancer, and over half of patients were diagnosed with stage II or III cancer. The vast majority of patients underwent partial or subtotal colectomy, and 24 % underwent emergency surgery. Almost half of the patients were treated in a hospital with 350 beds or more. Of the 44,941 patients in our cohort, 2,658 (5.9 %) died within 30 days of definitive surgery; over half of these patients died from CRC, and most died during their hospital stay. Furthermore, all included predictors were associated with 30-day mortality in univariable analysis.
Multivariable multilevel models
The base model containing only tumor-related predictors showed poor discrimination (AUC = 0.69), and calibration was less than adequate (v 2 = 58.59, 8 df p \ 0.001). Next, we added blocks of predictors (treatment, sociodemographic, neighborhood, and hospital characteristics) to this base model, which resulted in a full model containing all variables based on improvements of model fit assessed by log-likelihood-ratio tests. All predictors in our final multivariable multilevel regression model were statistically associated with the 30-day mortality following CRC surgery, with strongest predictors including age at diagnosis, AJCC stage, and mode of presentation (Table 2) . Adding treatment and sociodemographic characteristics to the model resulted in improvements in model discrimination, either when added separately (AUC = 0.72 and AUC = 0.74, respectively) or when combined (AUC = 0.76). In these models, calibration improved, but was less than ideal (i.e., p \ 0.05). Furthermore, when subsequently adding hospital and neighborhood characteristics to the model, improvements in calibration were observed, but discrimination of the model did not change (Table 2) . No differences in model performance measures were observed when excluding race/ethnicity from the sociodemographic factors in both the base and full model (data not shown). The most optimal combination of performance measures was observed for the model including Table 2) . Although a statistically significant p value was observed for the full model when using the Hosmer-Lemeshow test, the calibration plot indicated that the model seemed to assign the correct probability of the outcome to patients across the risk deciles (Fig. 1) , and overall observed and expected 30-day mortality ratio did not differ substantially (5.9 vs. 5.8).
In addition, we fitted a multivariable multilevel prognostic model using predictors derived from the revised ACPGBI model (data not shown). All predictors included in the model (i.e., age at diagnosis, comorbidity, AJCC stage, mode of presentation, and type of surgery) were significantly associated with an increased 30-day mortality risk following CRC surgery. Discrimination of the AC-PGBI-derived model (AUC = 0.76) was comparable to our SEER-Medicare model (AUC = 0.76), but calibration of the former model was less than optimal (v 2 = 53.32, 8 df p \ 0.001; data not shown). Adding race/ethnicity, censustract-poverty rate, or hospital characteristics to the AC-PGBI-derived model resulted in slight improvements of calibration, but no changes in discrimination were observed (data not shown).
Finally, we performed sensitivity analyses by applying our SEER-Medicare model to subgroups of patients (i.e., to colon and rectal patients and to elective and emergency procedures). The model showed moderate discrimination among the different subgroups (Table 3) . Among colon cancer patients, the SEER-Medicare model achieved an AUC of 0.76, and the same value of the AUC was observed for rectal cancer patients. For elective and emergency procedures, AUC values of 0.75 and 0.72 were observed. In terms of calibration, the Hosmer-Lemeshow test indicated that our model was only well calibrated when applied to rectal cancer patients; however, observed and expected mortality rates did not differ appreciably in the other subgroups (Table 3) . Because of the sparseness of some of the data in our multilevel approach, the stage-specific multilevel models did not converge. This sparseness also includes the lack of data regarding microsatellite instability status. However, discrimination was similar for the stagespecific models in single-level analysis. These single-level models were well calibrated except for stage 0/I where p = 0.0325 (data not shown). We also examined two interactions (stage-histology and stage-tumor site), but they did not improve model performance and were therefore not included.
Discussion
The aim of this study was to improve upon the existing models to predict 30-day mortality following CRC surgery using SEER-Medicare data and to assess the influence of race/ethnicity, neighborhood, and hospital characteristics on model performance. Both our SEER-Medicare model and the ACPGBI-derived model performed equally well in our cohort but, perhaps surprisingly, the incremental predictive ability of the models was only minimally influenced by the addition of race/ethnicity, neighborhood, and hospital characteristics. Previously developed models aimed at predicting 30-day mortality following CRC surgery (CR-POSSUM, ACPGBI and CCF-CCM) included a variety of prognostic variables [9] [10] [11] , but all of these models omitted race/ ethnicity, neighborhood, and hospital characteristics. Race/ ethnicity, census-tract-poverty rate, and hospital characteristics were associated with 30-day mortality risk, but SEER-Medicare overall model performance did not improve substantially. Treatment and (other) sociodemographic characteristics, however, did improve the discrimination of the base model that included only tumorrelated predictors. Additionally, when we added race/ethnicity, neighborhood, or hospital characteristics to the ACPGBI-derived model, no improvement was observed either in terms of discrimination or calibration. Although improvements in the AUC depend on the AUC of the base model, our SEER-Medicare base model appears to have sufficient opportunity for improvement since it had poor to moderate discrimination (AUC = 0.69). Because the effect sizes of race/ethnicity, neighborhood, and hospital characteristics were not very large and larger effects may raise the AUC more than predictors with only moderate or weak effects [35] , this may indicate why we did not observe large improvements in the AUC when adding these predictors to the SEER-Medicare and ACPGBI-derived models. Furthermore, adding an important risk factor to a model does often not result in improvements in both discrimination and calibration of the model [36] . Although model discrimination did not markedly improve when adding race/ethnicity, neighborhood, and hospital characteristics to the model, slight improvements in calibration were observed.
Compared to previously developed prognostic models to predict 30-day mortality following CRC surgery, our SEER-Medicare model (AUC = 0.76) achieved discrimination comparable to the ACPGBI model (AUC = 0.78), but the CR-POSSUM and CCF-CCM models yielded more favorable discrimination (AUC = 0.90 and AUC = 0.80, respectively) [9] [10] [11] . Upon external validation, however, both CR-POSSUM and ACPGBI underestimated mortality and showed poor discrimination [16] . Furthermore, although the CCF-CCM model exhibited good discriminative performance, it lacked calibration when assessed in CRC patients from a single university clinic [37] . Our model showed fair calibration using the Hosmer-Lemeshow goodness-of-fit test. Although the SEER-Medicare model seemed to assign the correct probability of the outcome to patients across risk deciles based on the calibration plot, p values\0.05 were observed, which could be explained by the large sample size of our study [38, 39] . In sensitivity analyses, our SEER-Medicare model performed equally well in colon and rectal cancer patients, but less favorably for emergency than elective procedures. The observed and expected mortality rates did not differ appreciably, indicating again that overall, the model seemed to assign the correct outcome to patients in our study sample.
Use of the SEER-Medicare registry was a strength of this study, as the registry includes a large sample size and adequate population-based representation of cancer cases in the USA [31] . These data facilitated development of the current prognostic model in a diverse patient population and across different hospitals/regions in the USA. By contrast, both the CR-POSSUM and ACPGBI models were developed on UK patients, which limit their utility in a US population by virtue of the intrinsic differences between US and UK healthcare systems (i.e., higher percentage of elderly patients, greater frequency of emergency surgeries, and greater proportion of patients with more advanced cancer in the UK than in the USA) [13] . Among the limitations of our study, we recognize that the linked SEER-Medicare data do not include information on performance status [e.g., American Society of Anesthesiologists (ASA) grade], an important factor for medical decision-making and predicting survival [31] . Although ASA grade was a relevant variable in the AC-PGBI model, information on this predictor was missing for 40 % of the patients [10] , limiting its utility. Additionally, both the Charlson comorbidity index and ASA grade are important measures to assess comorbidity, and comorbidity is an independent risk factor for adverse outcome following CRC surgery, irrespective of which measure was used [40] . Also, microsatellite instability was not available. Although important, smaller or rural hospitals may not be able to test for MSI or other markers, which would reduce the utility of developing models with missing data for many patients. Furthermore, SEER-Medicare data lack information on physiological measures, which may increase performance of future models. Although the ACPGBI model achieved similar performance as the CR-POSSUM model without incorporating physiological predictors, the CCF-CCM included hematocrit as a physiological measure to predict 30-day mortality after CRC surgery. It is possible that adding other clinical and physiological prognostic factors (including patient comorbidities) could enhance the performance of our model, especially since both our SEERMedicare model including all prognostic factors and the ACPGBI-derived model achieved only moderate discrimination in our SEER-Medicare cohort. However, key physiological predictors may not be available for all patients, especially those presenting in an emergency setting. Thus, additional efforts may be required to obtain these measures from other data sources if not available in administrative claims data [38, 41] . In addition, predictors in prognostic models should reflect the prevailing circumstances at the time of admission, rather than during or after the hospital stay [42] . It is worth noting that our model included only those predictors that reflected the status and environment of patients at the time of admission and surgery. In conclusion, our SEER-Medicare model achieved moderate discrimination and fair calibration in our population of CRC patients. Race/ethnicity, neighborhood, and hospital characteristics did not appreciably increase model performance. Since prognostic models are increasingly used to compare hospital quality and increase transparency of care, using administrative claims data may be especially useful with regard to the availability of the data. Either our prognostic model, or a model similar to the ACPGBI, could eventually aid in quality improvements for CRC patients, but further improvement in model performance and external validation is needed. 
